The delineation of shifting cultivation landscapes using remote sensing in mountainous regions is challenging. On the one hand, there are difficulties related to the distinction of forest and fallow forest classes as occurring in a shifting cultivation landscape in mountainous regions. On the other hand, the dynamic nature of the shifting cultivation system poses problems to the delineation of landscapes where shifting cultivation occurs. We present a two-step approach based on an object-oriented classification of Advanced Land Observing Satellite, Advanced Visible and Near-Infrared Spectrometer (ALOS AVNIR) and Panchromatic Remote-sensing Instrument for Stereo Mapping (ALOS PRISM) data and landscape metrics. When including texture measures in the object-oriented classification, the accuracy of forest and fallow forest classes could be increased substantially. Based on such a classification, landscape metrics in the form of land cover class ratios enabled the identification of crop-fallow rotation characteristics of the shifting cultivation land use practice. By classifying and combining these landscape metrics, shifting cultivation landscapes could be delineated using a single land cover dataset.
Introduction
In many tropical forest regions, including Montane Mainland Southeast Asia and, especially, the Lao People's Democratic Republic (PDR), hereafter Laos, shifting cultivation is still widespread and an important subsistence agriculture system [1] [2] [3] [4] . Two methodological challenges are encountered in delineating the landscapes where shifting cultivation is practiced. The first is the classification of different forest classes in mountainous regions using remote sensing imagery. Both land cover and topography determine the spectral value of the remote sensing images, which, in turn, affects the classification accuracy [5] . Second, an appropriate set of landscape metrics is required to delineate shifting cultivation landscapes using land cover data [6, 7] .
The land cover in a shifting cultivation landscape is characterized by a spatial pattern of currently cultivated plots and various fields showing different stages of fallow vegetation and forest [2] . To detect these spatio-temporal patterns of shifting cultivation using remote sensing, most studies have analyzed time series of satellite images [3, [8] [9] [10] [11] . By classifying the cultivated areas and the vegetated areas of each image of the time series and performing a post-classification comparison, the plots under shifting cultivation and their crop-fallow rotation cycles can be assessed [3] . Such an approach, however, also has disadvantages: for an assessment of the spatial extent of shifting cultivation, a long time series of images needs to be analyzed, which is time-consuming. Additionally, the observable area is limited by the availability of time series images, as well as cloud cover and haze issues in each image.
Other approaches, e.g., Hett et al. [2] or Messerli et al. [12] , used the spatial pattern characteristic of shifting cultivation to derive the areas where this land use system is practiced. Both approaches used landscape metrics and are considered to provide credible estimates of the shifting cultivation landscapes, but their analyses relied upon information on the land use in those areas. The datasets they based the landscape metrics on separated between the currently cultivated shifting cultivation plots and the plots used for permanent agriculture, making the delineation of areas under shifting cultivation less complex. Using remote sensing for the classification of land use requires, in most cases, the use of auxiliary information, visual interpretation or spatial assessments of the key land elements [13, 14] . Classification of land use is, thus, also more time-consuming than a land cover classification and can be user biased when involving visual interpretation [15, 16] . There is also a loss in detail when using a land cover classification instead of land use data. Nevertheless, delineating shifting cultivation landscapes by using landscape metrics based on a supervised land cover classification could be less laborious and, thus, easier to replicate than classifying land use.
Different forest classes occurring in a shifting cultivation landscape can be classified based on the canopy shades of mature forests, which affect the spectral reflectance of remote sensing images [17] [18] [19] . While this information can be useful for mapping forest classes in flat areas, its application is limited in mountainous regions. When the terrain is more rugged, topography also determines the spectral value of the remote sensing imagery, resulting in strong variability in the reflectance from canopies in a forest class, due to direct shadows, as well as cast shadows [5] .
The inclusion of texture in the classification can help to overcome this problem. Texture measures quantify the spatial variation of the image tone values of neighboring pixels [20] . They are, thus, less affected by the variability in the reflectance due to terrain shadows and increase the accuracy of classes related to forests [21] [22] [23] [24] [25] . However, there are limitations when performing a pixel-based classification using texture measures. First, the kernel size used to calculate the texture measure affects the classification accuracy. Depending on the land cover type, different kernel sizes are appropriate. Additionally, the between class texture tends to degrade the overall classification performance when calculating the texture measure using a kernel [23] .
Image segmentation to produce image objects (or segments) prior to the calculation of the texture measures can resolve these issues. Between class texture is, thus, eliminated due to the texture calculation within the image objects, and the texture measure is no longer limited to a single scale, but to the image object size. In a flat study region, this approach increased the accuracy of the object-oriented classification by 4% [23] . In an area with rugged topography, the inclusion of texture measures in a pixel-based classification nearly doubled the accuracy of the land cover classification [24] . We therefore assume that the classification accuracy can be increased substantially in a mountainous region when using image objects and texture measures.
Based on these premises, this study has two objectives:
• To determine the influence of the texture measures on the accuracy of an object-oriented land cover classification in a mountainous region; • To assess the potential of such a classification to delineate the landscapes where shifting cultivation is practiced using landscape metrics.
Study Site
The study site lies in the northern uplands of Laos, extending from the outskirts of the province capital, Luang Prabang, towards the east and covering approximately 3,500 km 2 . The topography of the whole area is rugged, showing steep slopes and narrow river valleys with altitudes ranging from 140 to 2,120 m above sea level. Accessibility in terms of travel time from the province capital, Luang Prabang, decreases rapidly from the west to the east, as only one unpaved road connects Luang Prabang to Phonxay district [26] . As shown in Figure 1 , this gradient in accessibility parallels a change in the land use practices between the western and the eastern part of the study region. In the western part, around Luang Prabang, the prevailing land use categories are permanent agriculture and rotational agriculture on three fixed plots (a production system introduced in the 1990s by the Government of Laos in an effort to reduce poverty and stabilize shifting cultivation) [27, 28] . Travelling eastwards, a degraded mountain ridge is encountered, showing mainly imperata grassland with patches of bare land or secondary forest [29] . Behind that mountain ridge, traditional shifting cultivation with fallow lengths of more than three years prevails [30] . We refer to this as traditional shifting cultivation, because it has not yet been affected by the Lao policy limiting farmers to three fixed plots. Patches of mature forest occur all over the study region, with larger patches in the less densely populated western part of the study region [26] . 
Data

Satellite Imagery
This study used one georeferenced ALOS AVNIR (Advanced Land Observing Satellite, Advanced Visible and Near Infrared Spectrometer) and two georeferenced ALOS PRISM (Panchromatic Remote-sensing Instrument for Stereo Mapping) level 1b2 scenes. The acquisition date of the images is 30 November 2008, which is after the harvest when the cultivated plots are bare and easily detectable [3] . The ALOS AVNIR data has a resolution of 10 m and the ALOS PRISM data a resolution of 2.5 m. The overlapping area of the AVNIR and PRISM data resulted in the extent of the study area of 50 × 70 km. We found the quality of the images to be satisfactory; thus, no atmospheric calibration had to be applied. We did not perform a topographic correction, due to the differences in the resolution between the ALOS AVNIR/PRISM scenes and the available Digital Elevation Model [19, 31] .
Topographic Data
A Digital Elevation Model was included in the object-oriented image classification to achieve higher classification accuracy [5, 32] . We used ASTER GDEM data (Advanced Spaceborne Thermal Emission and Reflection Radiometer Global Digital Elevation Map), provided by the Ministry of Economy, Trade and Industry (METI) of Japan and the United States National Aeronautics and Space Administration (NASA). The ASTER GDEM data is provided as a georeferenced product and has a resolution of 30 m. No shifts were found between the ASTER GDEM data and the ALOS AVNIR and PRISM satellite imagery; thus, no further co-registration of the data was performed. We included elevation, slope and aspect in the classification.
Training Data
The training areas for the land cover classification were based on village level land cover and land use data assessed for a village cluster in the study region where shifting cultivation with fallow periods of six to ten years is practiced [30] . Based on the pan sharpened ALOS satellite image, land cover units (polygons) were manually digitized and classified with the participation of the village population. Not all land uses can be classified directly from remote sensing imagery (e.g., distinguishing between a permanently cultivated plot and a currently cultivated shifting cultivation plot) [13, 14] . Thus we reclassified the land use data into four land cover classes: "bare areas" (BA)-currently cultivated shifting cultivation plots (after harvest), areas of permanent agriculture (after harvest) and the area of villages and hamlets; "grassland/scrubland" (GS)-up to three years old fallow land, grassland and scrubland; "young forest" (YF)-fallow land older than three years and secondary forest; and "mature forest" (MF)-mature evergreen and mixed (evergreen and deciduous) forest classes. The geometries of the village level land cover polygons differed from the geometries of the image objects derived by the segmentation process. We therefore only used the land cover data to train the classifier if both polygons (village level land cover data and the image objects) overlapped by more than 95%. Figure 2A shows the participatory assessed land use and land cover data and Figure 2B , the training data. The training areas consisted of 160 polygons per class and only covered a part of the study area.
Approach and Methodology
We used two steps to derive the landscape where the shifting cultivation land use practice prevails. Figure 3 provides an overview of the entire approach.
In the first step, we tested two different object-oriented image classification approaches. One was based on the spectral reflectance of the satellite imagery and ASTER GDEM data, while the other also included texture measures. In the second step, we used a set of landscape metrics to delineate shifting cultivation landscapes. We considered a shifting cultivation dominated landscape as those regions where the traditional shifting cultivation land use practice with fallow lengths longer than three years prevailed.
Image Segmentation and Classification
In the first step of the presented approach, we performed the two object-oriented image classifications as shown in Figure 3 , Step 1. To perform the object oriented image analysis, the image is segmented to produce image objects (or segments), which consist of relatively homogenous groups of pixels. The image classification is then based on these image objects [23] . To group the pixels into image objects, we performed multiresolution segmentation in the eCognition 8.7 software. Multiresolution segmentation is an optimization procedure, which for a given number of image objects, minimizes their average heterogeneity and maximizes their respective homogeneity [33, 34] . Following Kim et al. [35] , we determined the appropriate scale parameter for the image objects by calculating the local variance and Moran's I index using the NIR band for a range of scale parameters. The image objects were calculated using the four ALOS AVNIR bands, with the shape and compactness criteria set to 0.1 and 0.5, respectively. Image objects were calculated with scale parameters ranging from 30 to 110 with an interval of five. We found an image object scale parameter of 55 to be appropriate, which resulted in an average image object size of 2 ha. As the classification was based on these image objects, we could include datasets of different spatial resolution (namely ALOS PRISM (2.5 m), ALOS AVNIR (10 m) and ASTER GDEM (30 m) data) without further processing. Prior to the classification of the land cover, we masked the areas with extreme terrain shadows by applying a threshold classification. We performed two different classification approaches to assess their effect on accuracy when including texture measures in the image classification within mountainous areas. The first classification approach used ALOS AVNIR data and ASTER GDEM topographic data. Within the image objects, we calculated the mean and the standard deviation of the layer values (the four multispectral bands of the ALOS AVNIR data and the elevation, slope and aspect calculated from the ASTER GDEM data). In the second classification approach, we also included grey level co-occurrence matrix (GLCM) texture measures [36] , calculated using the ALOS PRISM data. We then computed the texture measures within the image objects. Such object-specific texture has the advantage that the kernel size for the calculation of the texture measures does not need to be defined, and problems related to the between class texture are eliminated [23] . We included multiple texture measures, as they were not found to produce a notable increase in classification accuracy when individually employed [23] . The texture measures used were: homogeneity, contrast, dissimilarity, entropy, angular second moment, mean, standard deviation and correlation. Each of them was calculated in all directions.
The image objects were classified into the four classes: "bare areas" (BA)-currently cultivated shifting cultivation plots (after harvest), areas of permanent agriculture (after harvest) and the area of villages and hamlets; "grassland/scrubland" (GS)-up to three years old fallow land, grassland and scrubland; "young forest" (YF)-fallow land older than three years and secondary forest; and "mature forest" (MF)-evergreen forests and mixed (evergreen and deciduous) forests. The classification was performed with the support vector machines classifier in eCognition. Based on the training areas (with 160 sample polygons per class), the classifier was trained using normalized feature values and a linear kernel type. We tested the classification accuracy using 50 randomly selected control points for each of the four land cover classes, verified on the pan sharpened satellite image based on the authors' knowledge from various visits to the study site [37] .
Delineation of the Shifting Cultivation Landscape
To delineate the landscapes dominated by shifting cultivation, we used different landscape metrics. A determinant of the accuracy of landscape metrics is the dataset they are based on. Shao and Wu [38] present a way to determine the relative degree of reliability of landscape metrics by assessing map quality, error balance and spatial resolution. When using the land cover data from the second classification approach (including the spectral reflectance of the ALOS AVNIR bands, ASTER GDEM data and texture measures), the reliability of the landscape metrics was supposed to lie between acceptable and high:
• The overall accuracy of the land cover classification was 89% and, thus, according to Shao and Wu [38] , acceptable (but close to high, as the threshold is at 90%);
• The error balance between user and producer accuracy was acceptable, as the difference between the two was not bigger than 15 for all the classes; • The reliability of the spatial resolution criterion was high. As we show in the following section, the minimum mapping unit of the landscape metrics exceeded two times the pixel size of the remotely sensed data.
Additionally, the landscape metrics used to detect certain processes or land use practices need to have a close association with the spatio-temporal pattern that the considered process or land use practice produces [7] . A way to separate these landscapes is through an assessment of the land use intensity by calculating Ruthenberg's [39] R value, indicating the proportion of the area under cultivation in relation to total arable land [39, 40] . The calculation of the R value, however, requires information on the land use: the farmed areas, as well as the total arable land need to be known [4, [39] [40] [41] . A land cover classification does not provide this information, so we used three ratios based on the land cover classes as landscape metrics: GS/BA, YF/BA and YF/GS. Each of these three ratios is associated with different aspects of the cultivation/fallow pattern of shifting cultivation. For the calculation of these ratios, we had to find an appropriate extent of the kernel. For their landscape assessment using landscape metrics, Messerli et al. [12] used a kernel size of 5 × 5 km. This kernel was determined by evaluating the average reach of rural farmers and, thus, was considered appropriate for delineating the area of a land use practice. Focusing on land use intensities, the study of Hett et al. [2] used a kernel size of 2 × 2 km. In our study region, sometimes small patches of agriculturally unused mature and/or re-growing forest occur. This smaller kernel size allowed a more accurate delineation of forest patches not used for agriculture. An overview of the approach is provided in Figure 3 ( Step 2).
In the classified image, we masked the major rivers and water bodies using auxiliary data. We then calculated the ratios of GS/BA, YF/BA and YF/GS within a 5 × 5 km kernel ( Figure 3, Step 2, A1), the percentage of the classes, MF and YF, and the cover of class BA within a 2 × 2 km kernel ( Figure 3, Step 2, B1). Subsequently, we had to find thresholds for these landscape metrics that allowed a delineation of the shifting cultivation landscape ( Figure 3, Step 2, A2 and B2). We assessed the value range of the three ratios calculated using the 5 × 5 km kernel covered within the area of the sample village cluster. Within these sample villages, where the traditional shifting cultivation with fallow lengths of six to ten years is practiced, the three ratios showed the following value ranges:
• Ratio GS/BA: 2 to 11 • Ratio YF/GS: 1 to 12 • Ratio YF/BA: 3 to 50
Based on the definition of the land cover classes (BA: currently cultivated plots, built up areas; GS: up to three years fallow, grassland, and scrubland; YF: more than three years fallow, secondary forest), we could approximate the minimum fallow length within these villages. Considering the spatial representation of the crop fallow rotation within a traditional shifting cultivation system, for each currently cultivated plot (BA) there should be three plots showing one to three years of fallow (GS) and, depending on the fallow length, one or more plots showing more than three years of fallow (YF).
The ratio GS/BA shows that for each currently cultivated plot (BA), there are at least two plots showing one to three years of fallow (GS). This is less than the expected ratio of 3/1, as the class, BA, also includes built up areas and permanent paddy fields. Both occur to some extent in almost every village in Laos, even if their main land use practice is shifting cultivation. The minimum value of the ratio YF/GS indicates that for each plot showing a fallow length of one to three years (GS), there is at least one plot showing a fallow length of more than three years (YF), suggesting a minimum fallow length of six years. The minimum value of the ratio YF/BA indicates a fallow length of around six years, as for each currently cultivated plot (BA), there are three plots showing a fallow length of more than three years (YF). This approximation of the fallow lengths corresponds with information obtained from the village population of the sample village cluster [30] .
As described in the introduction, we aimed to delineate only areas under traditional rotational shifting cultivation with fallow periods longer than three years. While the policy-induced rotational agriculture on three fixed plots is also a type of shifting cultivation, it was not of particular interest here. We therefore defined the minimum threshold of the three ratios to fit a fallow length of around five years, while keeping the maximum value of the ratios as defined by the assessment of the sample village cluster. Based on this, the thresholds for the ratios were set as follows:
• Ratio GS/BA: the minimum threshold was set at 3, and the upper limit of this ratio was set at 11;
• Ratio YF/GS: the minimum was set at 0.5, and the maximum value was set at 12;
• Ratio YF/BA: the minimum was set at 2, and the upper limit was set at 50.
Shifting cultivation landscapes with fallow periods of more than three years consist of the currently cultivated plots and plots at different stages of fallow vegetation, represented by the three land cover classes BA, GS, and YF. Each ratio, however, is based on only two of the three land cover classes, thus even after the definition of thresholds, the individual ratios did not allow for a final delineation of the shifting cultivation landscapes. For example, the ratio YF/GS could include areas where no currently cultivated plots occurred.
We overcame this problem by combining the landscape metrics. First, we delineated the shifting cultivation landscape using the metrics calculated in the 5 × 5 km window: an area was only considered to be a shifting cultivation landscape if at least two of the three ratios showed values within the defined range ( Figure 3, Step 2, A3). Through this combination, the delineation of shifting cultivation landscapes was always based on the three land cover classes BA, GS, and YF. Second, we identified patches of agriculturally unused mature forest or secondary forest following the approach of Hett et al. [2] . Using the landscape metrics from the 2 × 2 km kernel analysis, areas with a share of more than 80% of the classes YF and MF together and less than 1% of the class BA were not considered as being used for shifting cultivation at the moment ( Figure 3, Step 2, B2 and B3). Subsequently, we excluded the agriculturally unused forest patches from the delineated shifting cultivation landscape ( Figure 3, Step 2, C).
Finally, to remove single pixels and artefacts stemming from the definition of thresholds and the combination of the landscape metrics, we smoothed the output using a majority filter, and isolated areas smaller than 2 km 2 were removed ( Figure 3, Step 2, D).
Results
Image Classification
The two classification approaches (the first being based on the spectral reflectance of the AVNIR image and topographic data and the second using the spectral reflectance, topographic data and texture measures) resulted in different representations of land cover. Table 1 shows the percentage of each land cover class within the study area according to the two classification approaches. These contrasting results of the two classification approaches reflect how the inclusion of texture measures can affect an object-oriented classification in mountainous regions. The classes BA and MF both show only a small difference between the two classifications. While the first classification approach shows a slightly higher share of the class BA, in the second classification, a larger area is covered by the class MF. More substantial differences can be seen between the classification approaches in classes GS and YF. In the first classification, the class, GS, covers almost 40% of the study area, while the class, YF, shows a share of only 20%. In the second classification approach, the situation is almost reversed. YF covers 34% of the study area, while GS only covers 25%. Including or excluding texture measures in the classification thus leads to very different results when classifying fallow vegetation: the first classification shows a more degraded or a more intensively utilized landscape than the second classification (Figure 4) . On the left side, the first classification approach using ALOS AVNIR spectral reflectance and the Digital Elevation Model is shown and, on the right side, the second classification approach, which also included texture measures.
The accuracy assessment revealed that the first classification approach overestimated forest degradation. The overall accuracy of the first approach was 66.6%, and the accuracy of the second approach was 88.7%. The confusion matrices are displayed in Tables 2 and 3 .
The accuracy assessments confirmed our hypothesis that the inclusion of texture in the image classification improves the classification of land cover in mountainous regions substantially. Comparing levels of accuracy between the first and second classification approaches showed that the inclusion of texture increased the classification accuracy by 22.1%. Our findings suggest that in areas with rugged terrain, a better object-oriented classification can be achieved by including GLCM texture measures. However, the inclusion of texture measures affected the accuracy of the individual classes differently: the accuracy of the class, BA, was 1% higher, without the inclusion of texture. Much more substantial differences in accuracy, on the other hand, were observed for the classes, GS, YF, and MF. By including the texture measures, we increased the accuracy of the class, GS (areas with up to three years of fallow, grassland and scrubland), by 10%, the class, YF (areas with more than three years of fallow and secondary forest), by almost 50%, and of the class, MF (mature evergreen and mixed (evergreen and deciduous) forest), by 20%. This increase in accuracy was crucial for the second step of the presented approach, where we used landscape metrics (calculated from the land cover data) to delineate the shifting cultivation landscapes [38] . 
Delineation of the Shifting Cultivation Landscape
We have presented an approach that combines a set of landscape metrics to delineate the landscapes where the traditional shifting cultivation prevails by using a single land cover dataset. Such a delineation or assessments of the crop-fallow rotation cycle are typically either based on an analysis of a time series of satellite imagery or information on the land use [2, 3, 9, 11, 12] .
When using landscape metrics to detect certain processes, the close association between the metrics used and the spatial pattern said processes produce is an important factor [7] . Our analysis revealed that the ratios between the classes "grassland/scrubland" and "bare areas" (GS/BA), "young forest" and "grassland/scrubland" (YF/GS) and "young forest" and "bare areas" (YF/BA) calculated within a 5 × 5 km window can each be associated with certain aspects of the crop-fallow rotation cycle of the shifting cultivation land use practice. However, to delineate shifting cultivation landscapes conclusively, calculating the individual ratios did not suffice: each ratio only included two of the three land cover classes characteristic for a shifting cultivation landscape. Only by combining these three ratios were all three land cover classes included, allowing for the delineation of shifting cultivation landscapes. To increase the accuracy of this delineation, we used a fourth landscape metric calculated in a 2 × 2 km kernel to exclude agriculturally unused forest patches [2] . This combination of landscape metrics that describe the same process could also reduce the issue mentioned by Gustafson [6] that several configurations and processes may result in the same landscape metric values. Figure 5 shows the delineated shifting cultivation landscape with the natural color pan-sharpened ALOS AVNIR image in the background. The forest areas with little to no land use intensity appear in dark green tones. The delineated areas under traditional shifting cultivation appear light green (fallow plots), interrupted by patches of cultivated plots. The denser the cultivated plots occur in the landscape (the areas with rotational agriculture fixed to three plots and permanent agriculture), the brighter the appearance of the image gets. These brighter areas appear only in the western part of the study region in the vicinity of the province capital, Luang Prabang, and along roads. Moving east from the capital city, most of the area is classified as shifting cultivation landscape. Only small, rather dark green areas are excluded, indicating that these are agriculturally unused forest patches within the shifting cultivation landscape. Further east within the study region, these patches tend to grow bigger, with a large area of agriculturally unused forest in the southeast. While the proposed methodology performed well in separating agriculturally unused forests, areas with permanent agriculture and rotational agriculture fixed to three plots from the landscapes where the tradition shifting cultivation prevails, excluding areas with imperata grassland, was more problematic. Parts of the grassland in the east of Luang Prabang (see Figure 1) were labelled shifting cultivation landscape. This imperata grassland is a result of land degradation, due to the shifting cultivation land use practice [29] . It has thus been shaped by the shifting cultivation process in the past, and shifting cultivation often occurs in its surroundings. The land cover classes, as well as their spatial configurations within the imperata grassland, are thus very similar to the ones observed in shifting cultivation areas. Depending on the size of the grassland and its surrounding land cover, a proper differentiation from the shifting cultivation landscape using the proposed methodology was not always possible. This could be overcome by performing a more detailed land cover classification (e.g., by including imperata grass as an additional land cover category). Still, the spectral responses of the imperata grassland and some fallow and cultivated plots are similar, potentially reducing the accuracy of the land cover classification and landscape metrics.
Discussion
We presented a two-step approach (Figure 3 ) that allowed the delineation of shifting cultivation landscapes by using landscape metrics that are based on a land cover dataset depicting four broad land cover classes for a single time period. Two methodological challenges were related to this approach: the first concerned the classification of different fallow and forest classes in mountainous regions ( Figure 3, Step 1). We tested two object-oriented image classifications: one based on the spectral reflectance of the ALOS AVNIR satellite image and ASTER GDEM topographic data; the second classification approach also included grey level co-occurrence matrix (GLCM) texture measures. Our results showed that by including texture measures, the accuracy of a land cover classification in a mountainous region could be increased by 22.1%. This is also supported by the findings of Lu [24] , where in a pixel based classification approach, the inclusion of texture increased the accuracy more in mountainous regions than in flat ones. Prior research findings also suggest that the inclusion of texture does not improve the accuracy of all classes similarly [21, 24, 42] . Indeed, our results showed that especially the accuracy of the classes related to vegetation with higher biomass could be increased, while the accuracy of the class, BA, showed a slight decrease. This underlines the importance of including texture measures when mapping different forest classes in a mountainous area.
The second methodological challenge of the approach concerned the definition of appropriate landscape metrics to delineate the landscapes where shifting cultivation prevails ( Figure 3, Step 2). We showed that landscape metrics calculated in a 5 × 5 km kernel in the form of ratios between two land cover classes (namely, the ratios between the classes "grassland/scrubland" (areas with up to three years of fallow, grassland and scrubland) and "bare areas" (including the currently cultivated plots and built up areas) (GS/BA), between "young forest" (areas with more than three years of fallow and secondary forest) and "grassland/scrubland" (YF/GS) and between "young forest" and "bare areas" (YF/BA)) can be associated with certain aspects of the crop-fallow rotation cycle of the shifting cultivation land use practice. However, as several processes can result in the same landscape metric value, it was not possible to delineate the shifting cultivation landscape using an individual ratio [6] . This could be overcome by combining the three ratios and by excluding the agriculturally unused forest patches using landscape metrics calculated in a 2 × 2 km kernel. This combination of landscape metrics allowed us to delineate the shifting cultivation landscapes without the inclusion of information on the land use or the analysis of a time series of remote sensing images. The example of imperata grassland, however, showed that the delineation of the shifting cultivation landscape using the proposed methodology can be problematic when based on broad land cover classes as, for example, the class, GS, included young fallow plots, as well as the imperata grassland. In this case, problems were limited to parts of the mountain ridge where imperata grassland occurs. This issue would be more problematic, however, in landscapes more heterogeneous in terms of land cover and land use practices.
The accuracy of the delineation of the shifting cultivation landscapes using the presented approach depended on the accuracy of the land cover classification itself and the landscape metrics, which need to show a close association with the processes to be detected [7] . To reduce errors in the outcome, it was, thus, important to define land cover classes that could be mapped accurately. While performing a detailed land cover classification (e.g., mapping of different species) is desirable, it can result in a low accuracy, due to the increased number of classes, the complex distribution of species and spectral intermixing of certain classes [43, 44] . By defining broader land cover classes (e.g., including several species or land cover types with similar spectral responses), the accuracy can be increased, as the spectral difference between the classes is higher. However, the definition of broad land cover classes to improve the classification accuracy is also accompanied by a loss of information, as the distribution of specific species or land cover types within each of the broad classes is unknown. Despite the high accuracy, such a classification is, thus, not necessarily suitable for the detection of certain processes using landscape metrics: if some broad land cover classes include land cover types or species that are not a result of the process to be detected, the outcome of the landscape metrics can be erroneous, despite being based on an accurate classification. In such a situation, the relation between the landscape metrics and the processes to be detected is ambiguous. The definition of the land cover classes, thus, needs to be an optimization procedure, where land cover types or species are grouped into broad land cover classes that can be mapped accurately, while unambiguously depicting the land cover types produced by the process considered. However, the definition of an optimal set of land cover classes that fulfil both of these requirements may not always be possible. In the presented classification, the class, GS, included the plots with one to three years of fallow, as well as the agriculturally unused degraded areas with imperata grass. While such uncertainties in the classification led to some errors in the delineation of the shifting cultivation landscape, the problem was limited to the mountain ridge where imperata grassland occurs and could additionally be reduced by combining a set of landscape metrics that were based on different land cover classes. Combining different landscape metrics could, thus, not only improve the outcome, as different processes can result in the same landscape metric value, but also help to reduce errors in the delineation of shifting cultivation landscapes, due to uncertainties in the land cover classification [6] .
Conclusions
Using remote sensing for the delineation of the area where shifting cultivation occurs is challenging, due to the rotational nature of the shifting cultivation land use practice. In the presented study, we demonstrated a new approach that allowed us to delineate shifting cultivation landscapes by calculating landscape metrics that were based on a single land cover dataset. For a delineation of such landscapes, two requirements need to be fulfilled. First, the classification approach needs to accurately map the land cover classes that are related to the shifting cultivation land use practice. We performed an object-oriented classification approach, and our results showed that the classification accuracy can be increased by 22.1% in a mountainous study region when including texture measures. This increase in the overall accuracy was mainly related to the increase in accuracy of the classes representing vegetation with higher biomass. The classes, "grassland/scrubland", "young forest" and "mature forest", showed an increase in accuracy of 10%, almost 50% and 20%, while the class, "bare areas" (including cultivated plots, as the image was acquired after harvest), showed a decrease of 1%. Furthermore, the distribution of the classes was different between the two classification approaches. Without texture measures, the class, "bare areas", covered 7.9% of the study region, "grassland/scrubland", 39.7%, "young forest", 20.2%, and "mature forest", 32.2%, while with texture measures, the shares of the classes were 6.7%, 24.9%, 34.6% and 33.8% respectively. In a mountainous region, the classification without texture measures thus overestimated the degradation of the landscape. We did not, however, assess the influence of the different texture measures on the classification accuracy. The study by Kim et al. [23] showed that the inclusion of different combinations of grey level co-occurrence matrix texture measures in an object-oriented classification can affect the classification accuracy. Further studies are required to assess the effect of different combinations of texture measures on classification accuracy in mountainous regions.
Second, the landscape metrics for the delineation of the shifting cultivation landscapes need to show a close relation to the pattern the considered process produces. As landscape metrics, we used ratios between land cover classes, as they showed an association with the cultivation/fallow pattern of shifting cultivation. However, several processes can result in the same metric value, especially when basing the landscape metrics on a rather broad definition of land cover classes [6] . The detection of a specific process can, thus, be difficult when using a single landscape metric. We found that combining a set of landscape metrics that are related to the shifting cultivation land use practice, but are based on different combinations of the land cover classes, could reduce this issue. A more detailed classification of the land cover could additionally improve the delineation of the shifting cultivation landscapes. Due to intermixing of the spectral characteristics of the classes, a piecemeal classification approach could be appropriate. The research of Thenkabail [44] showed that the classification accuracy can be increased by dividing the study area into subsets and by masking problem classes and reclassifying them. It would be interesting to see how the trade-off between the increased detail of the land cover classification and the resulting classification accuracy affects the delineation of the areas under shifting cultivation using landscape metrics.
The presented approach has the potential to assess the dynamics of the shifting cultivation landscapes when performed for two or more points in time. It is a cost-effective alternative to the analysis of a time series of satellite images, while being less dependent on having a dense time series of cloud-free images. The use of only one satellite image also reduces the available information and components, such as the crop-fallow cycles of individual plots, which cannot be assessed. Such information is important for a good understanding of the sustainability of shifting cultivation land use systems, as their extent and dynamics are only two of the aspects of the change these landscapes undergo. In Laos, shifting cultivation is influenced by various factors, which lead to its demise or change [45] . On the one hand, national policies aim at reducing the traditional shifting cultivation system, as it is perceived by policy makers as an underdeveloped form of land use, a poverty trap and as environmentally destructive [46] . On the other hand, economic influences from the surrounding countries are driving a transition of shifting cultivation lands into commercial tree plantations and cash crop production [47, 48] . This variety of factors also results in changes within the shifting cultivation landscape, such as changes in the crop-fallow rotation cycle. Further research should, therefore, focus on determining the potential of the presented landscape metrics to assess areas of different crop-fallow rotation cycles and their dynamics in more detail.
